Abstract-The performance of dc shipboard power systems (SPSs) may degrade due to the negative impedance of constant power loads (CPLs) connected to dc microgrids (MGs). To control the dcSPS effectively, estimation of the instantaneous power flow to the time-varying uncertain CPLs is necessary. Furthermore, fast adaptive control is needed to deal with changes in the CPL power flow and quick stabilization of the dc MGs. Such a controller typically uses injection current from an energy storage system for actuation. Since measuring the CPLs' powers require installing current sensors that are both costly and not optimal, an estimation of the CPLs' powers should be employed. 
I. INTRODUCTION

I
N RECENT years, dc microgrids (MGs) tend to be increasingly preferred over ac MGs in all-electric ships applications, due to various advantages including simple control, high efficiency and robustness, enhanced fault reconfigurability, and a simple common interface between distributed generations and electronic loads [1] - [3] . In recent years, several research projects have been focused on the deployment N. Vafamand is with the Department of Power and Control Engineering, School of Electrical and Computer Engineering, Shiraz University, Shiraz 71348-51154, Iran, and also with the Department of Energy Technology, Aalborg University, 9220 Aalborg, Denmark (e-mail: n.vafamand@shirazu.ac.ir).
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of medium-voltage dc (MVDC) MGs in ships, including the "Technological Development Roadmap" in USA [4] and the "MVDC Large Ships" in Europe [5] , as well as the usage of low-voltage dc MGs in projects such as "EDisONEfficient Distributed Onboard dc grid" [6] . A dc shipboard power system (SPS), which belongs to the class of islanded dc MGs, has several challenging stabilities and performance issues. These challenges mainly arise due to the existence of constant power loads (CPLs), which are produced by tight regulations of power electric converters connected to the loads [7] . The incremental negative impedance of the CPLs may degrade the dc MG stability or even cause system instability [7] , [8] . Thus, in order to operate the dc MG effectively, it is required to minimize the destabilizing effect of CPLs. Several nonlinear control approaches have been reported in the literature regarding the stability problems of dc MGs containing CPLs [9] and alleviating the destabilizing effects of the CPLs in such systems [10] - [13] . In [9] , a Takagi-Sugeno (TS) fuzzy model-based stability analysis is investigated. In [14] , first, the Lipchitz technique is deployed to obtain a quasi-linear system from the nonlinear CPL dynamics to implement a robust linear controller. However, it is commonly assumed in the aforementioned studies that all CPLs are ideal. However, in practical applications, MGs contain uncertain and/or time-varying CPLs, which cannot be regarded as ideal CPLs. A few papers have studied the effect of nonideal CPLs effect on the stability of dc MGs [15] - [17] . In [15] , after constructing a linear fractional transformation of an uncertain MG, μ-synthesis is used to calculate the maximum upper bound of the system uncertainties to guarantee system stability. In [16] , sufficient stability conditions are derived in terms of linear matrix inequalities (LMIs) under the assumption that the unknown power consumption of the CPLs is bounded by some pregiven limits. Hossain [17] proposed a sliding mode controller to stabilize a MG containing uncertain CPLs by means of an energy storage unit. Even though the proposed designs in [15] - [17] incorporate both the stability and robustness; they all assume that the uncertainty in power consumption is bounded by a known constant. In practice, this bound is rarely known. In order to overcome the considered limit on CPLs power uncertainty, the prompt values of CPLs powers are needed. One option to this aim is integrating current and voltage sensors in the dc MG. However, series installation of currents sensors increases the output impedance and degrades ripple filtering [11] . In addition, installing extra sensors increases system cost and complexity.
Therefore, instead of employing sensors to obtain the CPLs' powers, estimation methods should be used. The two main approaches for unknown parameter estimation are deterministic observers and stochastic estimators. Deterministic observers treat the unknown parameters as disturbances. The equivalent disturbance is then estimated by minimizing the difference between the estimated output and the output of the nominal response model [18] . However, measurement noise may impair the deterministic observers' performance [19] . Extended Kalman filters (EKFs), on the other hand, are known to be robust against noise effects [20] . A high performance control over system dynamic and operating point variations can be accomplished by employing an adaptive controller [21] . Therefore, to compensate for the CPLs' destabilizing effects, an online adaptive controller is required to modify the injecting current of the energy storage system (ESS) to match the estimated power of the CPLs. Model predictive controller (MPC) is an effective and popular control approach that predicts the future behavior of a system over a specific prediction horizon and optimizes the input on a sample-bysample basis [22] , [23] . The online calculations can be carried out by, e.g., quadratic optimization or by LMI-based techniques [24] . Adaptive MPC is based on updating the system model in real time, which considers the control objectives to obtain the control signal as an optimal multiobjective control problem [25] . Nonlinear MPC problems can be formulated in terms of LMIs by considering TS fuzzy models [22] - [24] . A TS fuzzy model represents a complex nonlinear system by a set of fuzzy rules, where the consequent parts are linear statespace equations. Then, the complex nonlinear system can be described as a nonlinearly weighted sum of these linear state equations [26] . In this paper, a novel adaptive MPC controller is employed to stabilize a dc SPS, which contains a dc MG connected to uncertain time-varying CPLs. To eliminate the destabilizing effects of CPLs in the SPS, the proposed approach first utilizes an EKF algorithm to estimate the instantaneous power of the CPLs, which is more economical and optimal than using sensors to measure the CPLs' powers. To do this, the CPLs' power consumptions are considered as virtual states and augmented in the system's state vector. The estimated CPLs' power consumptions are then feed forwarded into a TS fuzzy model-based MPC scheme to optimally stabilize the SPS dc MG through modifying the ESS injection current. Utilizing a TS fuzzy representation of the system enables employing a linear MPC controller, which yields guaranteed control performance and decreases the online computational burden. The developed adaptive controller is applied to a dc MG, which is connected to an uncertain time-varying CPL. The effectiveness of the proposed EKF to estimate the unknown time-varying CPL power and the merged MPC controller with the EKF to stabilize the SPS dc MG is verified by real-time experiments.
The outline of this paper is as follows. The modeling of the dc MG is provided in Section II. In Section III, the developed EKF algorithm for unknown power estimation is presented. The TS fuzzy model-based MPC controller is presented in Section IV. To investigate the performance of the proposed estimator and controller, the illustrative experimental results are presented in Section V. Finally, Section VI concludes this paper.
II. SYSTEM CONFIGURATION AND MODELING
A typical SPS comprising several CPLs is shown in Fig. 1 , and the corresponding circuit diagram is shown in Fig. 2 . An example of CPLs in SPS is heaters, which are used to maintain the comfort in cold weather and to heat food. These heaters are required to keep the dissipated power form the heater constant in spite of process variations. Another example of CPLs is compressors, which are used to start engines, to operate ships whistle and valves, and so forth.
The system shown in Fig. 2 consists of Q CPLs and one ESS. By employing Kirchhoff's current and voltage laws, the dynamic model of the j th CPL is obtained as
where r j , L j , and C j are the output filter resistance, inductance and capacitance, respectively. V dc is the dc voltage of the source, P j is the load power, and i L j , v C j are the inductor current and capacitor voltage of the output filter, respectively. Then, the dynamic model of all CPLs (1, . . . , Q) can be obtained as ẋ
T is the j th CPL's state vector and
Similarly, the dynamic model of the ESS is obtained as
where r s , L s , and C s are the output filter resistance, inductance, and capacitance, respectively. i es is the ESS injection current, and i Ls , v Cs are the inductor current and capacitor voltage of the input filter, respectively. This model can be rewritten as
where
the ESS state vector, and
By combining the CPL and source state vectors, the overall dynamic model of the dc MG is obtained as [14] 
and
In the following, the goal is to propose a systematic approach to estimate the power vector of the CPLs (i.e., P = [P 1 , P 2 , . . . , P Q ] T ) and the inductor currents in the face of noisy measurements.
III. EXTENDED KALMAN FILTER
The purpose of this section is to present the development of the EKF, which is used to estimate the value of the CPLs power [27] . To achieve this goal, the unknown CPL power vector, P, should be included in the states of the EKF. To do this, the augmented state vector, including P, is defined aṡ
Since the dynamic of P is unknown, it is considered aṡ P j = 0 for j = 1, . . . , Q. Then, the augmented state-space model for the dc MG is aṡ
Considering (9) and the fact that the system measurements, i.e., y, comprise the voltages of the capacitors, y is described as
and
Putting (10) and (11) together and considering the system and measurement noises, w and v, respectively, one has ẋ = f (x, i es ) + w
where w and v are assumed independent and normally distributed with zero mean and known covariance matrices Q and R, respectively. The obtained state-space model can be discretized using the forward Euler method as
where T s is the discretizing time and k is the discrete sample number. Since f (x k , i esk ) is nonlinear, it cannot be used directly in the EKF algorithm. Rather, its Jacobian, i.e.,
, is used. Then, for a prechosenx 0 and p 0 , the EKF algorithm is recursively formulated as follows. 1) Time Update:
2) Measurement Update:
are the predicted states vector and the predicted covariance matrix of the states, respectively, at the time step k, before considering the measurement.x k and p k are the estimated states vector and the estimated covariance matrix of the states, respectively, at the time step k, after considering the measurement. K k ∈ R (2Q+3)×(2Q+2) is the filter gain, which determines how much the predictions should be corrected on the time step k. Finally, the linearized dynamic in (15) is computed as
Using v C j and v Cs as measurements, the EKF is, thus, able to estimate P j , i L j , i Ls as part of the estimated state vectorx k .
IV. NONLINEAR TS-BASED MPC CONTROLLER In this section, the design of a nonlinear MPC controller based on a TS fuzzy model of the system is provided.
A. TS Fuzzy Dynamical Model
The chosen approach is that of sector nonlinearities, which are known to be able to approximate any smooth nonlinear functions globally or semiglobally [28] . In order to apply the sector nonlinearity approach to the nonlinear part of the dynamical model of the system in (7), i.e., ρ, the model is represented as [29] 
are the equilibrium points of the dc MG. Based on [14] , the j th CPL is locally stable in the region R j,x = {x| − w 2 j ≤ṽ C j ≤w 2 j , where w 2 j is a positive scalar that can be obtained using LMI techniques [14] . Then, the upper and lower bounds of the j th nonlinear term, i.e., (
Based on the sector nonlinearity approach, the membership functions M 1 j and M 2 j are defined such that the following equations are satisfied:
Solving (20) results in
Then, r = 2 Q fuzzy IF-THEN rules will be defined as follows.
Rule 1: 
Also, based on the sector nonlinearity approach, the membership functions associated with each fuzzy rule are defined as [30] 
By utilizing the singleton fuzzifier, product inference engine, and center of average defuzzifier, the overall TS-fuzzy model is expressed aṡ
Now, by applying the Euler discretizing method [31] , the overall discrete-time TS fuzzy system is obtained as
where u k = i esk .
B. TS-Based MPC Controller
The considered cost function for the MPC is as [32] (27) where N p and N u are the prediction and control horizons, respectively,ŷ k+ j |k is the optimal j -step ahead prediction of the output, and w k+ j is a function of a future reference. For the simplicity, in this paper, it is assumed that w k+ j = y k+ j .
To obtain the sequence of the control input u k+ j −1 , it is needed to minimize the cost function J given in (27) 
Similarly, the cost function (27) is represented as
To minimize J with respect to U , the analytical solution of U can be obtained as
Remark 1 (Overall Closed-Loop Block Diagram):
The block diagram of the suggested approach is shown in Fig. 3 . As can be seen in Fig. 3 , the EKF algorithm is utilized to estimate the currents and power of the loads in the dc MG online. Then, these estimations and the measured voltages are deployed in the TS-based MPC controller to compute the optimal value of the injecting current. The EKF algorithm block and the TS-based MPC controller block are explained in Sections III and IV, respectively.
Remark 2 (Choosing a Desired Reference in the MPC):
As mentioned in [15] , by varying the power of the CPL, the equilibrium point of the dc MG changes. However, in order to perform the MPC law in (31), the future reference signal vector, W , must be selected properly. To this aim, a constant value for the CPL's voltage is chosen; then, based on its power value, a reference current is chosen for the CPL. Moreover, since the injecting current is utilized to stabilize the dc MG, it is desired to inject no current after dc MG stabilization; in this case, the reference current of the dc source is equal to the summation of the CPLs currents. In addition, the reference voltage of the source filter is chosen to be equal to the dc source's voltage. Based on these considerations, the reference vector W is determined.
V. EXPERIMENTAL RESULTS
In this section, experimental results for the proposed adaptive controller are provided. The proposed algorithm has been verified on an experimental setup equivalent to the Simulink model as shown in Fig. 4 . The setup includes Semikron Power Electronics Teaching Unit, MicroLabBox DS1202 PowerPC DualCore 2-GHz processor board and DS1302 I/O board from dSPACE. The MG parameters used in the experiments are listed in Table I .
The initial value of the augmented states, i.e., x 0 , is guessed based on the available information of the experimental setup [20] . Therefore, the values of R and Q are as
Usually, the initial value of p is diagonal whose diagonal elements are related to the expected variance of the corresponding state. A good guess of the initial values of the states needs a small initial value of the covariance of the states, i.e., p 0 . Therefore, p 0 is chosen as
To show the effectiveness of the proposed adaptive controller, two scenarios are provided. In the first scenario, the CPL power is chosen so that the open-loop system without a controller is stable. In the second scenario, the CPL power is chosen such that the system without a controller is unstable. In each scenario, the effectiveness of the CPL power estimation and the MPC controller are provided.
Scenario 1: In this scenario, P is chosen such that the dc MG is stable without controller and three different cases are considered. In the first case, the dc MG states are shown when no controller is used. In the second case, the dc MG states are investigated when only the MPC controller is used without CPL power estimation. Finally, in the third case, the proposed adaptive controller is deployed.
Case 1: In this case, the controller input, i.e., i es , is considered to be zero. The augmented system states are shown in Fig. 5 . As it can be seen, when the CPL power promptly changes, the voltages and currents of the dc MG experience high oscillations in the transient phase. In addition, the voltage of the dc bus drops.
Case 2: In this case, the MPC controller is employed to stabilize the dc MG. However, the value of CPL power is not estimated and is given in advance. It is assumed that the CPL power is set as P 1 = 250 W, which is less than its actual value given in Fig. 5(e) . The state evolutions and controller effort are provided in Fig. 6 .
From Fig. 6 (e), one concludes that a large current is injected to the dc MG. Therefore, the energy storage unit will charge/discharge fast and the battery lifetime is decreased. Furthermore, since the value of the CPL power is not available, a large voltage drop occurs in the dc bus.
Case 3: In this case, the injecting current is controlled via the adaptive MPC controller that utilizes the CPL power estimation. The augmented system states are shown in Fig. 7 . From Fig. 7 , one concludes that the adaptive controller stabilizes the dc MG without any oscillations compared to the noncontrolled dc MG (Case 1) and keeps the dc bus voltage near the voltage of the dc source compared to the conventional controller (Case 2). Furthermore, the steady-state injecting Scenario 2: In this case, P is chosen as the dc MG is not stable with conventional MPC without CPL estimation cannot stabilize the system. However, by applying the proposed controller, the system is stabilized, as can be seen from the closed-loop state evolutions and control effort illustrated in Fig. 8 . model is degraded, which impairs the performance of the controller. From Case 2, it is inferred that when the value of the CPL power changes from 300 to 600 W, the conventional MPC is able to stabilize the system but with a poor performance. On the other hand, if the uncertainties or parameter changes of the model are too significant, the closedloop system may ends up becoming unstable. This is the exact case of time-varying CPLs. Since the value of the power of the CPLs changes over time and their exact values are not estimated by the existing control methods, the accuracy of the model deployed in the MPC reduces and even diminished. In this case, such an approach cannot stabilize the overall system. The reason is that the load power changes too much and the utilized model in the conventional MPC is not accurate enough. However, when the CPL power changes from 300 to 1300 W, our proposed technique is capable of stabilizing the system.
VI. CONCLUSION
In this paper, a novel TS fuzzy-based adaptive controller is proposed to regulate the ESS current complying with the changes of CPL powers included in the dc MG of dc SPS. The unknown time-varying CPLs powers are estimated by a developed EKF algorithm, which is more efficient in cost and performance rather than using sensors. Experimental results show that without estimating the CPL power and the proposed EKF-based MPC, the SPS dc MG may be unstable, experience high oscillations in a transient phase, or be stabilized with a high-amplitude injecting current. However, by employing the suggested approach not only is the transient performance enhanced but the injecting current is also reduced, which results in a better battery lifetime. Furthermore, through the proposed approach, a dc MG with higher values of CPL power can be stabilized compared with the state-of-the-art methods. For the future work, it is suggested to improve the transient performance of the EKF algorithm to estimate the power values of the CPLs faster and provide an enhanced MPC which is more sensitive to the load power variation so that the voltage drops in the dc bus will be decreased. Also, applying more effective nonlinear filters such as cubature Kalman filter and unscented Kalman filter is recommended.
